Recent developments in the remote sensing systems and image processing made it possible to propose a new method of the object classification and detection of the specific changes in the series of satellite Earth images (so called targeted change detection). In this paper we develop a formal problem statement that allows to use effectively the deep learning approach to analyze time-dependent series of remote sensing images. We also introduce a new framework for the development of deep learning models for targeted change detection and demonstrate some cases of business applications it can be used for.
PROBLEM OVERVIEW
In this paper we address the problem of change detection, that is the search for significant changes at the surface of Earth by analyzing the remote sensing data. The need for such solutions comes from many practical problems involving monitoring of large areas in changing environment, and there are many commercial cervices dealing with different particular problems [1] . This includes smart farming, monitoring of security zones of linear objects, monitoring of protected areas, assessment of damage caused by natural and man-made disasters and other tasks.
Earth observation systems have been intensively developing during the last decades in terms of quality of the imagery and frequency of the imaging [2] . By now the amount of the remote sensing data and the proclaimed frequency of the repeating imaging could have given us full daily coverage of the earth surface by the high-resolution imagery [3] , but in the reality it turns out to be composed of the diverse, inconsistent and often incomplete data. This controversy raises the issue: how all this daily imagery can be targeted to the specific needs and used in a various types of applications. The technical issues that come from these business needs are:
• fusion of different types of remote sensing data from different sensors (optical sensors of different resolution, SAR, etc.) to provide the maximum capacity of operational monitoring in any time or weather conditions [4, 5] ; • detection of changes in the time series of imagery and in a very short time spans to provide near real time information related to the objects of interest. As the traditional approaches fail to make this massive dataflow a reliable source of the useful answers we should propose the new machine learning approaches that can handle it and provide the automated analysis that can compete to the human one by accuracy This leads to the concept of the targeted change detection that is consolidated detection and classification of the changes in order to obtain only the interesting for the problem (target) changes rather than all the changes in general [6, 7] .
Our motivation in this paper is to build a general description of change detection problem taking into account characteristics of input data -series of remote sensing images -and information about "targets" obtained from classification of specific applications such as "transportation & logistics", "residential areas", "building & construction" etc. Having formalized problem statement it is possible to develop a general framework that will reduce costs and simplify stages of collecting data, model construction and integration in workflow of business solutions.
Current methods and algorithms
Solutions proposed in the latest papers could be divided into several groups according to the used models and algorithms, to market domains and to the remote sensing images in use. Traditional methods of change detection in a series of satellite images are typically limited in several aspects:
• they use little validation data, often only one pair of images;
• they do not take into account usability of the detected changes in specific use case;
• there are no automated end-to-end solutions for business cases.
One of the first applied research in this area was conducted by W.Roper and S.Dutta [8] . They assessed the value of aerial and space imagery for the detection of unauthorized intrusion onto a pipeline right-of-way. The main conclusion of this work is that aerial imagery is better when the imaging is made once per month, but the reliability of space imagery grows when the imaging frequency becomes higher and can outperform the aerial data. The built-in methods of ENVI [9] were used for the change detection.
The future works were focused on improving the change detection algorithms themselves, but the idea of targeted change detection were pushed into the background.The best classical approaches are based on anomaly detection framework on time series of multispectral low-resolution satellite images and so called spectral indices [10] , methods based on Markov Random Fields and global optimization on graphs [11] [12] [13] , approaches using object-based segmentation with post-classification of changes [14] [15] [16] and methods based on Multivariate Alteration Detection [17, 18] . All the mentioned approaches shows quite good results in terms of the detection accuracy, but most of them use very limited amount of validation data that makes the results less reliable, and others rely on the series of low resolution multispectral satellite images.
Latest research achievements in computer vision made the deep neural networks a state-of-the art for image segmentation. The next step was to transfer this technology to the remote sensing data. Let us mention some of the most successful studies in this direction. A.M. Amin et al. [19] proposed a method for binary classification of changes based on CNN with input two high resolution satellite images (0.65 -2.62 m/pixel) gives the accuracy by Kappa coefficient -0.876. The second approach by Y. Chu et al. [20] , based on clustering analysis of difference of two images (0.65 -2.62 m/pixel) uses deep belief network model with restricted Boltzmann machine architecture shows the accuracy by Kappa coefficient from 0.905 to 0.987. The main advantage of this method is that it allows to avoid radiometric correction of images. They outperform the standard approaches and could be adopted for targeted change detection in different use cases. Deep learning techniques need a lot of computational resources for training process and could be unstable for analysis of new images, but the last problem may be eliminated having a representative dataset for model training.
Further researches described in [13, 18, [21] [22] [23] give promising results, but most of them share the same drawback: low amount of data used for the method validation. The task of creation a large and reliable dataset is one of the keys to the development of robust and reliable algorithms for the targeted change detection.
There are scarce datasets for change detection on remote sensing images nowadays [24] [25] [26] [27] . Only few of existing datasets can be implemented within the framework of targeted change detection [24, 27] . Most of them have not enough coverage or time spread to learn and test algorithms using modern techniques of machine learning and deep learning.
REMOTE SENSING DATA FOR THE CHANGE DETECTION APPLICATIONS
In order to understand the capability of the modern space imagery we need to examine its characteristics. As stated in the previous section, according to the target sizes we need the images in high (1-10 meters) and very high (less than 1 meter) spatial resolution. A typical high resolution satellite in 2018 has 4 or more spectral bands and a panchromatic image of higher spatial resolution (see table 1 ). A completely new approach to the data acquisition is demonstrated by the PlanetScope satellite group, that consists of a large group of very small satellites (3-unit CubeSat), that can acquire far more imagery than traditional satellites of comparable mass and cost, however at the cost of less data quality: they have less spectral bands and the noise level is higher [28] . Let us call a set of images taken by one space or aerial instrument at one flight and covering the same territory a "multilayer image". We need this term to differentiate from the multispectral image where each layer represents a spectral band, as some layers may represent a derived product (elevation map, spectral index) rather than a spectral band.
Let I = {I 1 , . . . , I B } be a multi-layer image with B bands. Every band I i is a single 2-dimensional matrix with the size (X i ,Y i ). Different bands can have different spatial resolution so, under the condition that all the bands must cover the same territory, the sizes of the channels are different, but proportional by an integer ratio. This proportionality comes from construction of the remote sensing sensors that are made in such manner to make the data processing easier. If we order the bands by the decrease of the size, their dimensions will be X i /
For the task of change detection the images are organized in time series: S = {I 1 , . . . , I T } , where each image I t ,t = 1, . . . , T covers the same area, but different images can be obtained by different instruments and have different characteristics. We intentionally put this restriction on the area, because we need not to describe all the data available, but to construct the datasets that can be used by the data analysis methods within the proposed framework.
PROPOSED FRAMEWORK
This section discusses details of proposed framework and shows the example of methods for targeted change detection in classical situation when two input satellite images are used for classification of one type of changes.
Problem statement
Input data is a series of images:
where each image I t is a multi-layer image taken at the moment of time t. Output data is a parameterized description of changes occurred in the series: C = F(S). It is assumed that the calculation of the vector C will use only the set of objects of pair-wise changes {r i j }, so the problem goal can be reduced to the search of r i j = F i j (I i , I j ) where F i j is an operator of the pair-wise change detection. Note that in a general case all the pairwise changes are taken into account, and the operators for F i j are not the same. It covers the case when some known conditions are different (for example, the time of the year) and require different processing for different moments of time. In real problems, the pair-wise change detection can be reduces, for example, only to the consequent pairs r i,i+1 and the operator can be the same for each pair, or depend on explicit parameters (for example, date of image acquisition). 2T P+FN+FP . In this definition, the pair-wise change detection algorithm is the operator F such that
and the exact definition of the operator F is done at the post-processing stage and is beyond the scope of this paper.
Description of the framework for the Targeted Change Detection applications
Our framework is restricted neither by the type of remote sensing data, nor methods or algorithms, but it does take into account information about the "targets" of the applied area.
The question of determining the context of using the notion "change" is removed by establishing a one-to-one correspondence of the model or algorithm for detecting changes and the business case to be solved, that is for every new problem with its own definition of the "target" we are going to build a new deep learning model within the framework that is specific for the selected type of the changes.
Robustness of the created algorithms is guaranteed by creating reference sets of markup of changes for a series of different images and applying modern methods of in-depth training on data generated from reference sets.
As one can see on the scheme (see fig. 1 ), there are three stages in proposed framework: preparing dataset, training a model and analyzing series of images for pair-wise targeted change detection. Dataset for specific business application should be constructed in accordance with the formal mathematical problem statement described above. It means that one should load series of images concerning the size of targets, the typical time period of occurrence of changes, type of images and so on. This data are combined with external mark-ups of the target changes to make a training dataset. The model for pair-wise targeted change detection is chosen from the set of neural networks architectures prepared in advance and is trained and validated on the dataset built at the first stage. The process of analyzing new series of images starts from building map of changes for each pair of images inside the series. After that there is a post-processing and verification procedures that results in recommendation, forecasts or alerting reports with detected changes. 
Applications of the framework
One of the real-world problems that can be solved using the proposed framework is monitoring and rapid mapping of the disasters. When a disaster event occurs (a tsunami, earthquake or wildfire) it is critical for to assess timely the infrastructure damage. The remote sensing data can be a great source of information in this case [32] , and some data suppliers share the imagery [33] . Utilization of the proposed framework can increase time-effectiveness and accuracy of such solutions compared to the existing approaches. When working with a set of newly obtained data the problem of lack of the training examples (ground truth) always emerges. This requires using the training data from separate sources (previously obtained datasets), and thus it can be reduced to the transfer learning or domain adaptation problem [34] . The problem can be formulated as follows. Let us define the domain D that consists of the feature space X and the probability distribution P(x) where x = {x 1 , . . . , x n } ∈ X. In the task of the image segmentation with the convolutional neural networks, the features are the pixel values in a region of the image, and the probability distribution depend on the particular training set. This means that when we add a new image series to the dataset, the domain can change both in terms of the feature space, if the new images have different number of layers, and the distribution, if the depicted area differs substantially from the known.
The task of transfer learning is: given the source domain D s and the detection operator F s , the target domain D t and the target operator F t , to improve the target operator 1 using the knowledge of the source domain [35] . The use of the proposed framework does not change the formal approach to the problem, but can make its solution significantly easier, because it has all the technical means to incorporate the source and target domains in a single problem definition.
The real experiment showed the perspectivity of the approach. Using only one pair of images in every time series we managed to get high performance in the task of mapping the houses damaged by the wildfire in California [36] . Full utilization of the proposed framework will allow us to use multitemporal data from different sources and produce a full time-series of the detected changes using a single technique without any additional work on every new data source.
CONCLUSION
In this paper we have summarized the knowledge about the applications of change detection, known methods of the image processing and deep learning and the possibilities and limitations of the remote sensing data to propose a generalized framework that can embed the solutions for different problems in the area of the targeted change detection in the remote sensing data. The key contribution of the framework is the integration of different data sources with the deep learning approach. The important challenge of creating the training dataset of a large size is also taken into account. In our future research we will gather the data, implement parts of the framework and fill it with the needed data, deep learning models to gain the system that can readily respond to the emerging change detection problems as soon as the "targets" are defined. In [36] we developed a method of change detection, based on convolutional neural networks, that is able to make semantic segmentation of the area subjected to massive fires, mapping burned buildings. The method can be easily extended to the new areas and data sources with an additional fine tuning. We are going to elaborate on this approach by increasing its computational capabilities with large scale sparse convolutional neural networks [37] , using a new loss function, specially tailored for change detection in sequences of events [38, 39] and imbalanced classification [40] , imposing a confidence measure on top of the change detector based on non-parametric conformal approach [41] [42] [43] .
